Abstract-Soiling of photovoltaic (PV) panels is typically quantified through the use of specialized sensors. Here, we describe and validate a method for estimating soiling loss experienced by PV systems directly from system yield without the need for precipitation data. The method, termed the stochastic rate and recovery (SRR) method, automatically detects soiling intervals in a dataset, then stochastically generates a sample of possible soiling profiles based on the observed characteristics of each interval. In this paper, we describe the method, validate it against soiling station measurements, and compare it with other PV-yield-based soiling estimation methods. The broader application of the SRR method will enable the fleet scale assessment of soiling loss to facilitate mitigation planning and risk assessment.
I. INTRODUCTION

S
OLAR panels can get dirty, blocking light from reaching the cell and reducing photocurrent. Typically, risk for a given installation is quantified by deploying a soiling station for a period of time, along with other irradiance and meteorological sensors prior to plant construction. Such soiling stations generally consist of a solar cell or module that is periodically cleaned (daily, weekly, etc.) and a cell or module that is left to soil naturally. Comparison between the two sensors enables the estimation of soiling loss that would be expected for a photovoltaic (PV) system [1] , [2] .
An alternative to the soiling station approach is to estimate soiling loss directly from PV energy yield. Such yield-based methods provide an important supplement to station-based measurements. One advantage of the PV-yield-based estimation is that soiling stations are typically deployed for limited terms; using a yield-based method provides the opportunity to understand historical trends. This is particularly important because year-to-year variations in soiling loss can be substantial [3] . The realization of a validated yield-based soiling loss estima-tion method enables the quantification of soiling and associated risk at fleet scale using existing data without the need for additional equipment.
In this contribution, we describe such a yield-based soiling estimation method and compare it with existing methods. The method, which we term the stochastic rate and recovery (SRR) method, is based on the detection of soiling intervals between cleaning events and a Monte Carlo simulation of the soiling profile based on the characteristics of the intervals. We validate the method by considering the pseudoyield of the dirty sensor in 11 soiling stations located around the United States. By comparing the SRR estimate with the soiling loss calculated from the full soiling station datasets, we are able to validate the SRR method. In addition, we compare the SRR method with prior state-of-theart yield-based estimates and show that it outperforms previous methods. It is also important to note that the SRR method automatically adjusts to the dataset without the need for parameter tuning and does not require precipitation data, which is often unreliable.
We begin by describing the data collection and reduction and the steps of the yield-based SRR soiling estimation algorithm we have developed. We also describe the steps of alternative yield-based estimates based on a fixed rate and precipitation threshold, termed fixed rate precipitation (FRP) here [4] , [5] . Finally we discuss the validation results and their implications.
II. METHODS
This section describes the data processing and methods used in our analysis. The PV-yield-based soiling estimates are designed to utilize a time series of daily performance index (PI), the ratio of realized to modeled PV energy yield. The estimates are most accurate when the yield is modeled in more detail, for example, to exclude seasonality and spectral biases. In addition, the filtering of problematic data points associated with clipping (due to high dc-ac ratio) or equipment outages is useful to ensure the most accurate results.
The goal of both the station-based and yield-based soiling loss calculations is the insolation-weighted soiling ratio (r s,w ), given by
where G poa,i is the plane-of-array insolation on day i and r s,i is the soiling ratio on day i. The soiling ratio is the fraction by which the photocurrent is reduced due to soiling; e.g., an r s of 0.9 represents 10% soiling loss. The insolation-weighed soiling ratio is superior to average soiling ratio or soiling rate as a loss metric because it captures the actual expected energy loss due to soiling, taking into account whether soiling occurs during highor low-irradiance periods.
A. Soiling Station Data Collection and Calculations
Our analysis utilizes data from 11 soiling stations installed in the United States. The datasets ranged in length from 226 to 1063 days. A soiling station is a system composed of at least two PV cells (or modules) exposed under the same conditions. One of the PV devices is regularly cleaned (control device), and the second device is left to naturally soil (soiled device). This way, soiling accumulated over the soiled device surface can be quantified by comparing the electrical output of the two devices. The cleaning frequencies of the control devices of the stations considered in this study ranged between 2 and 14 days (detailed cleaning logs were not available).
Here, we use the hourly short-circuit current (I sc,h ) of each device. The data have been filtered and converted into daily values as in [6] : Only data recorded between 12 and 2 P.M. for irradiance values higher than 500 W/m 2 have been considered. This aggressive filtering is necessary based on the configuration of the stations, including the alignment of the devices and nearby sources of shade; less stringent filtering is appropriate when yield-based extraction is performed on PV system yield.
We calculated the daily plane-of-array insolation (G poa,i ) from National Solar Radiation Database (NSRDB) Physical Solar Model data that uses satellite data about clouds to model irradiance at the earth's surface [7] , [8] . For one site, the NSRDB irradiance caused a high level of noise; therefore, we resorted to using ground-based irradiance measurements to calculate G poa,i . Generally, the use of ground-based measurements is discouraged for soiling estimation because irradiance sensors can soil along with the PV system. The use of satellite-based data avoids this problem. We corrected the effects of spectral and angle-ofincidence losses using standard correction algorithms [9] , [10] . For the FRP methods, we utilized precipitation data from [11] .
We used the soiling station data to calculate a daily soiling ratio (r s,i ) and to extract a daily pseudoperformance index. The station-based daily soiling ratio is the ratio of the average daily short-circuit current of the soiled device to that of the control device [6] . We used this station-based r s,i to calculate r s,w according to (1) . This station-based r s,w is used as a basis to validate and compare the yield-based estimates considered here.
To quantify soiling loss in PV systems, the yield-based methods we consider would be applied to the PI, the ratio of realized to modeled yield of the system. Here, we seek to validate the yield-based methods based solely on station data. Thus, we construct a pseudoperformance index from the current of the soiled device, which we term performance metric (PM) defined for the ith day as
where the numerator is the sum of the soiled-device short-circuit current measurements over a day. We then normalized PM i by its 95th percentile. We used this normalized daily time series of PM i as the input into both the SRR and FRP yield-based estimation methods.
B. Stochastic Rate and Recovery Estimation Method
The SRR method consists of the following four steps, shown in Fig. 1 , and described in detail below.
1) Automatically detect cleaning events, dividing the dataset into soiling intervals. 2) Estimate the slope of each interval and the cleaning magnitude between intervals. 3) Using the uncertainty of each interval's slope and the cleaning magnitudes, stochastically generate possible soiling profiles for the entire dataset. 4) Calculate r s,w for each randomly generated profile and use resulting distribution of r s,w values to calculate the median and confidence interval. The method presented here is similar to prior work [3] , but has been improved to capture uncertainty associated with cleaning events and outages or missing data along with improved automatic detection of cleaning events.
The first step is to automatically detect cleaning events. We achieve this by finding positive shifts in a centered 14-day moving median of daily PI or PM, as shown in Fig. 1(a) . The moving median provides smoothing (similar to a moving average), but preserves steps. The series of differences ( ) between neighboring values is calculated for the moving median. All positive shifts greater than Q 3 + 1.5 × IQR are identified as cleaning events, where IQR is the interquartile range and Q 3 is the third quartile of all the difference magnitudes | |. Thus, only positive shifts that are outliers in magnitude (by this definition) are identified as cleaning events. This method of identifying cleaning events automatically adjusts to the noise level of the dataset to distinguish cleaning events. However, we note that the cleaning detection will be more effective when the noise is lower and artifacts are fewer in a given dataset. The periods between these detected cleaning events are referred to as soiling intervals.
The second step is to determine the slope of each interval and the recovery magnitude between them. The slope is determined using the Theil-Sen method [12] , [13] , which is robust to outliers. This method, visualized in Fig. 1(b) , estimates the slope as the median of all slopes between pairs of points. Similarly, the intercept is estimated according to work presented in [14] . The Theil-Sen method also enables the calculation of a 95% confidence interval for the slope [12] , which is used to enable the Monte Carlo simulation of step 3. The magnitude of each cleaning event is calculated from the difference between the fit value at the beginning of an interval and the end value of the fit of the preceding interval. This magnitude (M) is taken as a lower bound to the cleaning magnitude, in other words, we can say with confidence that the cleaning was at least of this magnitude.
The third step is to perform a Monte Carlo simulation, stochastically generating possible soiling profiles of the daily r s for the entire length of the dataset. We used 1000 repetitions in each Monte Carlo simulation. An example of a Monte Carlo simulation is shown in Fig. 1(c) . Each profile is generated by starting the daily r s at one for the beginning of the dataset and randomly selecting a slope for each soiling interval from a uniform distribution spanning the 95% confidence interval for each slope. If the confidence interval includes positive slopes, the uniform distribution of possible slopes is clipped to an upper bound of zero. If an interval is problematic in that it has greater than 500% uncertainty in slope, a positive slope, or a negative step in the moving median of greater than 5%, then the slope is taken to be zero for that interval. The recovery in r s at each cleaning event is randomly selected from a half-normal distribution with its peak representing a perfect recovery to r s = 1 and its 3σ point representing recovery by the inferred lower limit M.
The fourth and final step is to calculate r s,w for each randomly generated soiling profile. We then calculate the median and the 95% confidence interval (the 2.5 percentile to the 97.5 percentile) of the resulting sample of r s,w , as shown in Fig. 1(d) .
When an outage or period of rejected data longer than 14 days occurs, the r s is taken as a constant for that time period; unchanging from the endpoint of the previous soiling interval in a given realization of the Monte Carlo simulation. If irradiance data is available during the outage, this constant but randomized soiling ratio will capture information about the likely soiling state during that period. If irradiance data is unavailable, we neglect the period in our analysis.
The implementation used for this contribution is not optimized for computational speed. However, a sense of the scaling potential can still be gained by considering performance on a laptop computer. For a typical multiyear dataset, steps 1 and 2 are completed <500 ms. Generation and analysis of each Monte Carlo realization takes <100 ms. For 1000 Monte Carlo realizations, this leads to a time of >1 min. However, the Monte Carlo realizations can be generated in parallel for applications where this speed becomes limiting.
C. Fixed Rate Precipitation Estimation Methods
Kimber et al. [4] proposed a method to calculate daily soling loss (1 − r s ). The method requires the following inputs: 1) Soiling rate: Slope of the performance metric/index profile during the longest dry period. It is obtained by extracting the slope of the linear regression of the performance metric over the longest dry period. 2) Cleaning threshold: Minimum amount of daily precipitation required to have a cleaning effect on PV modules. In this paper, precipitation events higher than cleaning threshold are referred to as effective rainfalls. 3) Refractory period length: A number of days after an effective rainfall for which no soiling occurs. The soiling profile is determined by setting r s = 1 on every effective rainfall and for the following refractory period. At the end of each refractory period, r s is decreased each day according to the soiling rate until the next effective rainfall.
The refractory period can account for changing environmental conditions after wet periods. For example, it may be that dust is reduced for a while after significant rainfall until the local soil moisture content drops below a critical threshold. Prior work has shown that refractory periods (called "grace periods" in prior work) can vary in length and are only appropriate for some sites, complicating fleet-scale analyses [4] .
In order to accurately estimate the soiling loss, the cleaning threshold and the refractory period length must be correctly chosen. These parameters may in fact be site specific and system specific. In this work, we consider a combination of different cleaning thresholds (0.0, 0.5, and 5 mm) and length of the refractory period (0, 3, 7, and 14 days). These produced 12 different combinations, whose results have been compared with those of the SRR method described in Section II-B. A subset of the FRP embodiments with different precipitation thresholds and refractory period lengths are shown in Fig. 2 .
III. RESULTS AND DISCUSSION
We compared the r s,w results of the SRR calculation described in Section II-B and the FRP methods described in Section II-C with the r s,w calculated directly from the soiling stations, as described in Section II-A. Although there is uncertainty associated with the station-based values of r s,w , we treat the station-based values as the true values of r s,w for the purposes of comparing the methods presented in Sections II-B and II-C.
For each of the estimation methods considered, we calculated the root-mean-square error (RMSE), the coefficient of determination (R 2 ), and the mean signed deviation (MSD) relative to the station-based r s,w . The results are presented in Table I . The SRR method outperforms the FRP methods in R 2 across all the FRP parameters considered here. The lowest RMSE was observed in the SRR method as well as three embodiments of the FRP method (rows 4, 11, and 13 in Table I ). Several embodiments of the FRP method exhibit less bias than the SRR method, as evidenced by the MSD values. However, we believe the bias is likely due to an artifact in the station-based r s,w from cosoiling of the clean and dirty sensor between cleanings [15] . This would cause station r s,w values to be biased high, leading to a negative MSD, which is observed for the SRR method. In addition to its performance advantages, another advantage of the SRR method relative to the FRP methods is illustrated by the range of performance for FRP methods given in Table I . For example, the RMSE varies from 0.009 (equivalent to the SRR method) to 0.044, depending on the cleaning threshold and refractory period length used. The advantage of the SRR method is that there are no such parameters to tune. The only parameter in the SRR method is the length of time used for the moving median. We found a period of 14 days works well for this parameter in all the datasets we have considered. Fig. 3 shows a comparison between the SRR estimates of r s,w and those calculated from the full station measurements. Generally, good agreement and a high degree of linearity are observed. However, we note that the SRR values tend to be lower than the station values. We attribute this to the cosoiling effect on stations [15] . When the clean and dirty cells/modules soil together, the r s appears unchanged, even though soiling may still be occurring. This would tend to overestimate the true r s and, thus, r s,w . The yield-based metrics are generally more resistant to this problem, because they are based on comparison with theoretical yield, not a measured ratio in the field. The cosoiling bias can be addressed by frequently cleaning the reference device in a soiling station. Future development and, in particular, the validation of yieldbased soiling estimates, such as the SRR method, will benefit from further study utilizing station data with more frequently cleaned control devices.
IV. CONCLUSION
We have described a method (SRR) for automatically estimating the soiling loss directly from PV yield data. Using a pseudoyield-based performance metric derived from the soiled device in soiling stations, we validated the method against soiling losses calculated from full soiling station datasets. We compared the method with the commonly employed FRP methods and observed that it outperforms the FRP methods in coefficient of determination while achieving the lowest RMSE value observed in this study.
In addition to the performance advantage over the FRP methods, the SRR method has the advantage of not requiring parameters, such as threshold precipitation or refractory period length. The SRR method also takes into account different soiling rates that may change over time or seasonally. Another advantage is that it detects cleaning events with an automatically determined threshold based on the noise in the dataset.
Continued advancement of the SRR method will likely follow the analysis advances made in the degradation rate analysis, including the use of clear-sky-filtered and clear-sky-modeled yield [16] and improved automatic filtering of, for example, outages and clipping. These advances apply to the generation of the PI time series (a key for degradation rate analyses as well) rather than to the SRR method itself. The performance of the SRR method is expected to improve for cleaner PI time series. Other future improvements may include the inclusion of abrupt soiling events, nonlinear soiling trends, and metrics associated with soiling seasonality.
The SRR method enables the fleet-scale analysis of historical soiling loss. This unlocks the potential of PV data that the community has already been collecting for decades. Broader applications of the method will enable the development of soiling predictions and risk quantification based on site characteristics.
